Ribbed stiffened machined structures are commonly used in the aerospace and automotive applications. This study presents a comprehensive approach to develop the lightweight configurations of such machined structures under axial loading. The optimized topologies (material layout) were studied by employing the Abaqus topology optimization (ATOM) module. Data was analyzed to establish the optimum values of the dependent (optimized volume, strain energy, mechanical stress, and maximum deformation) and independent parameters (axial force, initial design domain, targeted volume, and number of nodes) through the evolutionary genetic algorithm (GA). GA fitness functions were developed through the best regression models that attained through a statistical appraisal of optimal topological configurations. GA predicted results were compared with the data of topological optimized evolutions. Structural performance of the optimized configurations was also evaluated by comparing with the available experimental results. The optimized configurations showed a better strength to stiffness performance under stipulated design constraints.
Saleem, Ahmed and Taimoor, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.11, No.2 (2017) weight-to-stiffness ratio by allocating appropriate densities to finite elements (Bendsoe and Sigmund 2003) . A sensitivity filter scheme is used to avoid the numerical instabilities and to substantiate the existence of solutions (Sigmund and Peterson 1998) . An optimized configuration is attained when structure meets the specified criteria, such as, the optimality criteria (Rozvany 1989) , the method of moving asymptotes (Svanberg 1987) , etc. Definition of the design and non-design domains, objective functions, design variables and constraints, optimization controlled parameters, and the applied loads significantly contribute in determining the existence or removal of the finite elements during the optimization evolution.
The aerospace and automotive engineers have been employing the topology optimization technique consistently by exploiting the commercial codes. Numerous studies have been reported, which showed the significant structural performance. For example, the Airbus (Krog et al., 2002) , EADS (Gerd et al., 2004) , and the Audi (Binder, T., Hougardy 2003) successfully developed the state-of-the-art designs through topology optimization. Similarly, some robust and aesthetically appealing topological optimized structures were developed within the fields of biomechanics, electronics, composites, nano-photonics, large building structures, and machine structures, etc. (James et al., 2015) . Some efficient codes have been developed that can undertake the complex structural topology problems. For discrete structures, the optimum topology is determined by establishing the connectivity of structural members concerning to their number and geometrical locations. For continuum structures, the optimum topology is developed by generating the voids within specified domains by considering the voids at internal and external boundaries. The main interest to this field was triggered by the remarkable publication of Bendsoe and Kikuchi (1988) . Following to this, different approaches have been proposed; for example, the homogenization (Bendsoe and Kikuchi 1988) and the level set methods (Allaire et al., 2004) were developed by mathematical based solution approaches; ESO (evolutionary structural optimization) and the genetic based topology optimization algorithms (Cappello 2003) by employing the heuristic based approaches, etc.
For the material interpolation, two approaches have been applied convincingly to generate the optimized topologies. These include; the material or microstructure approach, and the geometrical or macrostructure approach. In microstructure approach (homogenization method), the material properties of finite elements are characterized as a porous continuum (micro-scale voids). This approach was explained by Bendsoe and Kikuchi. Structural stiffness and the material (finite elements) density are associated by considering the physical modeling of porous micro-structures. The porous elements are defined by considering three geometrical parameters, the hole size, density (0 < < 1), and the orientation in α (x),  (y),  (z) directions. In the geometrical or the macro-structure approaches, solid, isotropic, or anisotropic material property is considered as a design variable and the material stiffness is assumed to be linearly dependent on density. Among these approaches, the SIMP (Solid Isotropic Microstructures with Penalization) method proposed by the Bendsoe (1989) and Rozvany et al., (1992) gained much popularity. In this method, the intermediate densities are penalized by a factor p that ranges from 0 to 1 and expressed as E(ρ)=E o (ρ) p , where the  represents a design variable (elemental density), E is the Young's modulus (penalized stiffness matrix), and E o is the reference Young's modulus. An optimized topology is developed either by inserting the new voids or by evolving the material within the boundaries of design domain. As compared with the homogenization method, SIMP is easier to comprehend and generates the optimal topologies with fewer computational requirements. Because of the simplification and constancy, the SIMP method has been embedded into some commercial topology optimization codes. The evolutionary structural optimization method (ESO) is most common in the macro-scale approaches. In this algorithm, the optimality is achieved by removing the inefficient and less stressed elements from the design domain (Xie and Steven 1997) . An extension to the ESO method, called as bi-directional evolutionary structural optimization (BESO) was developed by Yang et al. (1998) in which the elements are removed and added simultaneously.
From the design and manufacturing perspectives, an accurate interpretation of the solution (topological optimized configurations) is essential. Some problems generate difficulties in the correct interpretation of results. These include; the abnormal micro voids (porosity), the checkerboard effect, mesh dependent results, and the local minima, etc. In case of the linear elastic elements, the checkerboard effect becomes most dominant. Different techniques are employed to overcome this problem; for example, by using the mesh independent filter, by applying the slope and perimeter constraint methods (Harber et al., 1996) , using the higher order elements (Diaz and Sigmund 1995) , and controlling the local gradient constraints (Petersson and Sigmund 1998) , etc. The level set method for structural optimization accurately establishes the boundaries of a topological optimized structure (Van et al., 2013) . The boundaries are implicitly represented by using the contours of a level set function (like, the signed distance function) which tracks the changes in shape and topology by integrating the shape sensitivity with the Jacobian equation. Some stochastic topology Saleem, Ahmed and Taimoor, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.11, No.2 (2017) optimization approaches have also been found convincing to accurately determine the pragmatic design solutions, such as, the ant colony (Luh and Lin 2009) , simulated annealing (Bureerat and Limtragoo 2008) , and the particle swarm optimization (Luh and Lin 2011) , etc. Because of the large number of design variables, these methods become computationally expensive for 3D large structures. In case of 3D finite element models, the optimized configuration may also comprise the convoluted surfaces, non-symmetric profiles, and redundant notches. These problems can be reduced by employing the manufacturing features and constraints, like; the symmetry constraints, an extrusion constraint, and the minimum size constraint, etc.
In this research, the genetic algorithm (David 1989 ) is also applied to identify the optimum values of independent optimization parameters by exploiting the results (dependent parameters) of topological optimized configurations. Genetic algorithm attains the global optimum solution in a multi-modal design space through random, but directed search methods (Annicchiarico 2001) . Moreover, it is well suited for the complex problems where the analytical relationship of the objective function is difficult to develop due to complex formulations; for example, the numerical simulations of different machining operations, topology optimization with manufacturing constraints, coupled-filed thermo mechanical analysis, etc. (Palanisamy et al., 2007 and Ji et al., 2014) . GA can also be employed effectively to the problems containing the large number of variables. During the optimization evolution, the best individuals are evaluated through a fitness function and used subsequently in the new population. The population is searched and evolved through modifications and executed through crossover operators. The diversity in population is maintained through mutation operators. In case of the large number of dependent variables, a regression modeling could be assisted to identify the most effective variables for evaluating the fitness function.
The research work is organized as follows: section 2 deals with the numerical framework; section 3.1 covers 3D numerical modeling, the finite element analysis, and the topology optimization evolutions; section 3.2 covers the regression analysis; section 3.3 deals with the genetic algorithm; identification of the optimum parameters and performance analysis are discussed in section 3.4, and section 4 elaborates the research outcomes.
Problem Formulations
The optimal material distribution (layout) or topology of the mechanical stressed structures can be established by evaluating the design response for optimal stiffness tensor or minimum strain energy (Martin 2005) . Mathematically, the formulation of topology optimization can be expressed by considering a boundary value problem subjected to the external forces. The surface force density is normally stated in terms of traction vectors, which vary as a function of orientation to the surface normal. Here, the traction vector components are defined over the surface while the stress is considered as a second-order tensor whose components are related to the coordinate surfaces. The outer surface S is the sum of part of the boundaries with displacements u (S u ), the part of the boundary with surface traction's P (S t ), and the free surfaces where tractions are zero . Fig 1 (a) illustrates the concept of surface tractions specified on the boundary St, Fig 1 (b) presents the displacements acting on the remaining boundary Su, and Fig 1 (c) presents a mixed case. Assume that elastic body (Fig. 1) confines a design domain Ω with the outer surface, S. let V be the volume occupied by the design domain. The body is subjected to the external forces, including the volume forces F, surface tractions P over the boundary S t , displacement conditions over the remaining boundary S u , and the concentrated forces F k (Keith 2005) . Assume that the elastic body undergoes some virtual displacements δu, then the virtual work δW can be expressed as: Design, Systems, and Manufacturing, Vol.11, No.2 (2017) 
where; F T is the vector of volume forces, P T is the vector of surface tractions, F k T is the vector of concentrated forces (
T is the vector of displacements due to the concentrated forces, and V is the volume occupied by the design domain. During the application of virtual displacements, the external forces remain constant and become independent of the displacements. Therefore, the concentrated forces are neglected and Eq 1 can be expressed as (Martin 2005 ):
= +
The virtual displacement is arbitrary and vanishes on Su (δu=0 on Su), therefore the integration domain of second integral can be changed to S. Moreover, for the mixed boundary value problems, P T can be expressed as (Hans 2001 ):
Where, σ is the stress matrix and its corresponding tensor is denoted with σ ij (i, j=1,2,3), S t is the section of surface subjected to the prescribed surface tractions, n j is the unit outward normal vector field n.. Now, Eq 1 can be transformed into:
In boundary value problems, the divergence theorem (Gauss theorem or Ostrogradsky's theorem) is applied to transform the surface integral into a volume integral (Martin 2005 , Mase 1999 . So, the divergence conversion is expressed as:
For derivation of the divergence theorem and the above relationship, readers may refer to the Mase (1999) and Green (1968) . By applying the divergence conversion:
In a standard integration formulation, Eq 2 is transformed into:
The basic equations of linear elasticity theory are expressed in terms of the general tensors with comma notations:
Three conditions of equilibrium:
The material law, constitutive equation: = Readers may find the details of the above relations from literature (Green and Zerna 1968, Sokolnikoff 1964 ). Using the above relations, Eq 3 is transformed into:
By employing the strain displacement tensor
The internal virtual work can be represented in energy bilinear form by the arbitrary virtual displacements (Bendsoe and Sigmund 2003) . Assuming u to be the displacement field that defines the equilibrium of an elastic structure, and v be the kinematically admissible virtual displacement field, then the virtual work in the energy bilinear form is:
Where; a represents the bilinear form, E ijkl represents the optimal stiffness tensor of order four which is variable over the design domain . Optimal topology for  can be expressed as minimization of the compliance (force time displacement)
or maximum global stiffness. Let, l be the compliance, then in the load linear form, compliance is expressed as:
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The optimization problem takes the form:
Where, U represents the space of kinematically admissible displacement fields, index E shows that the bilinear form a E depends upon the design variable. The above expression (Eq 7) is written in its weak variational form. E ad indicates that the problem is formulated as a distributed discrete value design problem. Such problems can be solved by computational means when the structure is discretized into N finite elements (by using finite element method), and the FE (finite element) analysis are performed to determine the structural response; like, the stress, displacement, compliance, etc. By discretizing the design domain into N finite elements, the problem takes the form:
Where, K is the stiffness matrix that depends upon the stiffness of individual elements Ee, Ke represents the global level element stiffness matrix, e presents the total number of elements (1, 2… N).
To solve the topology optimization problem as a material or micro approach, SIMP (Solid isotropic microstructure with penalization) has been realized a promising method that provides the optimum solution for material points and voids (Bendsoe 1999) . The SIMP material interpolation scheme uses the penalized or fictitious material model by introducing the design variable . Density  (0 < ρ > 1) is assigned to each finite element, and the elasticity tensor E ijkl is determined by the following expression (Hans 2001) :
Where, Z represents the penalization power (for penalizing the intermediate densities), E o ijkl is the elasticity tensor of solid isotropic reference material.
For the isotropic materials, 0-1 (0 = void and 1 = solid) designs are obtained when a higher value of Z is applied (usually > 3). This results in a black-and-white design (alternating voids and solids, i-e, a checkerboard effect). During the topology design process, the value of penalization power Z is increased gradually from 1 to 4. The sub-domains with intermediate densities (between 0 and 1) are explained by considering the stiffness of a composite material (Hashin-Shtrikman bounds) . Generally, the SIMP involves a large number of design variables (x i ). For such problems, an optimality criterion (OC) generates the most feasible solution (Rozvany 1989) .
In most of the commercial FEA softwares' (OptiStruct, Abaqus, MSC/Nastran, Ansys), the SIMP method has been employed except the TOSCA (by FE Design). TOSCA executes topology optimization by employing the ESO (Evolutionary Topology Optimization) method. In ESO, the Lagrange Multipliers (for one or more equality constraints) and the Kuhn-Tucker conditions (for inequality constraints) are used to converge the design search space towards the feasible domain. In ESO method, if the objective function f(x) is to maximize the stiffness or minimize the strain energy, then the equality constraint is taken as material volume. If the design domain is discretized into N number of finite elements, then V is:
a homogeneous volume equality constraint dependent upon the design variables x i can be defined as (Keith 2005 , Sigmund 2001 ):
Where, xiV i shows the current material, h(xi) is the residual material, and ψV o is the targeted volume . With one homogenous equality constraint, the optimization problem can be defined by Lagrange function:
Note that the Lagrange function depends on x i (design variable) and λ, (Lagrange multiplier) where the first condition gives the update scheme and second a volume constraint. The Kuhn-Tucker conditions are applied to the Saleem, Ahmed and Taimoor, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.11, No.2 (2017) required conditions for a local minimum of the Lagrange function. For the optimality criteria (OC), a resizing rule is required to generate the new design variables. The required Kuhn-Tucker conditions are:
Here, ) (
shows the sensitivities regarding to xi
For nonlinear problems, a sensitivity analysis is performed to obtain the gradients of the objective function with respect to the design variables (Zhao et al., 1998) .
of the second derivative is determined by considering it as a self adjoint problem (Bendsoe 2003) :
With the given Kuhn-Tucker conditions, topology optimization problem can't be solved directly for the design variables x i . This requires an iteration scheme. For calculating the objective function of the entire design domain, the exponential iteration rule is applied to solve the design variables (Sigmund 2001) :
The above relation gives the updated scheme for the OC algorithm. The new density of i th element during an iteration is determined by multiplying with the term defined in Eq 14 (which consists of the penalty factor Z, the Lagrangein multiplier, the objective function established in the previous iteration, current volume Vi, a constant q, and the value of old density assigned). Optimum is reached when this term attains the value 1.
Methodology
The research work comprises of following four sections: a. In the first section, different topology optimization schemes executed with different parameters for the selected structures are explained. This study generated the feasible design proposals and the initial data for study. b. In the second section, the statistical evaluation and regression analysis of the optimized results are discussed.
These were performed to analyze the dependent and independent parameters for different optimized configurations that contribute significantly to the optimality of structure. c. In the third section, GA optimization module was employed. The best fitness functions developed through the regression analysis was studied. d. In the fourth section, the GA proposed results were compared with the topology optimization outcomes. The best design proposals are evaluated and discussed at the end.
Numerical modeling and optimization evolution
Structural topology optimization was executed in Abaqus topology optimization module. Three thin webbed-plates (Al2024AA) were selected from a large aerospace structure. The models were developed in Abaqus according to the dimensions specified on the main structural member. These are shown in Fig. 2, 50x260x2 mm 3 , 100x260x2 mm 3 , and 150x260x2 mm 3 . The models were developed by considering the distinct non-optimization domains for analysis and functional constraints. The complete design domains were transformed into the comprehensive finite element models by
Optimality Criteria
Saleem, Ahmed and Taimoor, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.11, No.2 (2017) using 8-node linear brick elements (C3D8R) with reduced integration. These types of elements are selected due to their capability to undertake the geometrical complexities, computational constraints, and to assist the mesh smoothing algorithm for optimized configurations. Note that the frozen elements (non-optimization domains) are selected at the ends of each plate (30 mm). Before executing the optimization scheme, structural analysis was performed to validate the applied loading scheme and design constraints. The optimized surfaces and boundaries were extracted by assigning the value of relative elemental density as 0.3. The optimized configurations greatly depend upon the choice of input parameters, so the optimization runs were carried out by incorporating the most feasible parameters to generate the manufacturing acceptable solutions. It was observed that the ATOM sensitivity-based algorithm generated more promising results (smoothened ISO-surfaces) as compared to the other smoothing algorithms. Eleven optimization runs were executed for three plates. The optimized configurations with Von Misses Stress states are shown in Figures 3, 4 and 5. Data of the input and outcome parameters of each simulation is presented in Table 1 , where the Vt represents the targeted volume, Vi is the initial volume of the total structure before optimization, F is the force applied, Nodes is the total number of nodes in finite element models of four different plates, Vf is the final optimized volume, SE is the total strain energy of an optimized structure after completion of optimization runs, St is the Von Mises stress, and U is the final deformation observed in the optimized configurations. Vol.11, No.2 (2017) In the first set of optimization runs (shown in Fig. 3) , four different schemes were adopted for 50x260x2 mm 3 webbed plate. The optimized configurations evolved by employing the volume constraints (20, 40, 60 and 80 percent) are shown in Fig. 3 . Optimization runs were carried out without manufacturing constraints. The conceptual designs evolved through these runs were analyzed by undertaking the deformation, stress and the manufacturing viability. It was observed that except the 3 rd optimization scheme, with 60 percent volume fraction, all other optimization schemes evolved symmetrical patterns in longitudinal and transverse directions. CAD compatible features were attained by incorporating the smoothing factor value 0.3, which confirms the manufacturability of results. From the manufacturing perspectives, 3 rd optimization scheme was found impractical due to inexplicit features.
In the 2 nd set of optimization runs (shown in Fig. 4) , four different optimization schemes were performed on 100x260x2 mm 3 webbed plate by employing the volume constraints as 50, 55, 60, and 70 percent, respectively. The optimized configuration with 50 percent volume fraction was observed to be the most aesthetical. The optimized configuration with 55 percent volume fraction was observed to be impractical due to uneven voids, non-standard features, and non-symmetrical results. Therefore, the optimized configurations with 50 and 60 percent volume constraints were considered for subsequent analysis. In the 3rd set of optimization runs (shown in Fig. 5 ), three optimization schemes were performed using the 150x260x2 mm 3 plate and employing 40, 60 and 70 percent volume constraints. The optimized configuration with 60 percent volume fractions was observed to be the maximum stressed structure (467 MPa). The configuration with 40 percent volume fraction was observed to be the aesthetically appealing and also least stressed, i-e, about 180 MPa. The optimized structure evolved with this constraint was considered feasible due to the well-defined material distribution and without any intricate voids or undue features. During the optimization evolution, some specific constraints can be introduced to direct the optimization search towards manufacturing specific solutions. For example, the minimum member size control (minimum thickness) constraint can be introduced into the optimization algorithm of TOSCA to avoid thin and weakened ribbed connections. In three sets of the optimization schemes, solutions were converged between 25 to 40 numbers of iterations, which showed good accuracy to the results. Subsequently, the most feasible optimized configuration of each plate was transformed into CAD compatible models.
The optimized configurations attained through topology optimization comprise of rough surfaces that contain a large amount of data. If these surfaces are imported directly into CAD software, a great effort is involved to extract the Opt Set 3_Sc 1_40% vol Opt Set 3_ Sc 1_70% vol Opt Set 3_Sc 1_60% vol Saleem, Ahmed and Taimoor, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.11, No.2 (2017) geometric features by interpreting the results precisely. Therefore, smoothing, filtering, and refining of the data (rough surfaces) is essential before any subsequent analysis. This is accomplished through a smoothing algorithm where data is reduced, smoothed, and transformed into the ISO surfaces. An ISO value is determined by the spline cut parameter (value is from 0 to 1, optimal is 0.3). The smoothened ISO-surfaces (cutting splines by translating the result of rough surfaces) and convergence history (structural strain energy and volume) of some optimized configurations are shown in Fig. 6 . The Von Mises stresses of the best selected configurations are shown in figures 3, 4 and 5. These demonstrate no severe stress concentrations or any excessive deformations. Saleem, Ahmed and Taimoor, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.11, No.2 (2017) 
Regression Modeling
Regression modeling was performed to identify the optimization parameters that contribute significantly in the optimization results and to establish the conformance of data attained through three sets of topology optimization schemes. The best regression models were carried forward and used as fitness function into the genetic algorithm. Four independent parameters were selected from the results (data) of topology optimization schemes, which include: Vt (targeted volume), Vi (initial volume of the structure before optimization), axial force F applied to the plates, and the total number of nodes. The following mathematical model was considered to develop the regression model of optimized configurations (Frank 2015):
Where, y is the dependent parameter (outcome of topology optimization); for example, Vf (final optimized volume), SE (overall strain energy of the optimized structure), St (stress of the optimized structure), and U (deformations observed in the optimized structure), etc. 
The regression models of dependent parameters were developed by using the optimization data, presented in Table  1 . Regression analysis of the four dependent parameters (Vf, SE, St and U) and their corresponding coefficients are given in Table 2 . Where, DF is the total degrees of freedom, which shows the amount of information in the data and used to estimate the values of unknown population parameters; SS is the sum of squares that gives a measure of deviation from the mean; R Square shows the percentage of variation to the response (a higher value shows that the model well fits the given data); adjusted square gives the percentage of the variation in the response; the standard error gives an estimate of the standard deviation which shows how spread out the data is from the mean; a multiple regression is used for testing the multiple independent variables (a value of multiple R closer to one shows a good relation); mean square gives an estimate of the population variance; Sig F indicates the probability of getting regression output by chance (a small Sig F confirms the validity of the regression output). Saleem, Ahmed and Taimoor, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.11, No.2 (2017) The regression model equations of dependent parameters (Vf, SE, St, and U) are given below. These equations were developed by using the regression coefficients, given in Table 2 . Systems, and Manufacturing, Vol.11, No.2 (2017) (SE), peak stress, and the maximum deformation (U). The regression predicted values are shown in Table 3 . The regression modeling outcomes were evaluated by comparing with the predicted values of dependent parameters and the actual optimization results. A comparison of the optimization data (dependent parameter values, Table 1 ) and the regression predicted values (Table 3) is given in Fig. 7 . The comparison shows that the actual optimization results are in good approximation to the regression predicted values.
After evaluating the four regression models, the paired sample t-tests were performed to determine the best regression model for the GA fitness function. The paired sample t-tests were performed by taking the regression predicted values (Table 3 ) and the optimization results (Table 1) . For example, t-statistics shown in Table 4 (Vf and Pred Vf) was calculated by taking the regression predicted values of Vf (Table 3 ) and the optimization results of Vf (Table 1) . In table 4, the variance shows the sum of the square of the differences between the measurements and their mean (for example; in case of Vf, sample 1 is the regression predicted values of Vf in Table 3 , and sample 2 is the actual set of optimization results shown in Table 1 ); correlation describes the degree of relationship (closer to one shows strong correlation) between two variables (predicted and actual observations). The parametric values identified were carried subsequently to the GA module as fitness functions. The results of the paired sample t-test, correlation values of optimization and predicted data, and the statistical inferences are summarized in Table 4 . It was observed that the difference in variance of optimization and regression results is minimum in case of Vf. Similarly, the maximum positive correlation was found in the case of pair 1. Among the four pairs, the regression model Vf with the highest positive correlation signified the best regression model, and its fitness function was considered to provide the most optimal results in GA optimization module. 
GA Optimization
The GA's optimization capabilities were employed to determine the optimal combination of input parameters of topology optimization for ribbed stiffened plates. GA was considered because it generates the global optimum of entire design space and supersedes the conventional gradient-based methods which are incapable of undertaking the multi-modal problems. The appealing factors for employing GA are:
a. GA initiates with a prospective solution (sets of randomly selected chromosomes) and the subsequent generations (offspring) are evolved by utilizing the crossover (splitting two chromosomes) and mutation techniques (flipping a chromosome). This process ensures the new characteristics with an improved solution and reduces the risk of attaining local optima. b. The generated population is appraised through a definite fitness criterion. c. The diversity among the newly generated chromosomes is maintained by a mutation operator. This process assists in the exploration of the optimal solution within the design domain. Additionally, the weak candidates are not compelled to disperse their genetic patrimony. Saleem, Ahmed and Taimoor, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.11, No.2 (2017) Through the Matlab's GA optimization module, optimum values of the decision variables were estimated that minimized the structure's strain energy by reducing its volume to some specific range. The study was accomplished by considering the four regression models equations as the objective functions (fitness functions, Vf, SE, St, and U). Minimization of the fitness functions (Table 3) greatly depends on the selection of upper and lower bounds of the input parameters. For example, the upper and lower bounds of the targeted volume (Vt) are taken as 46800 and 15600, respectively (Vt column in Table 1 ). Similarly, the values of the upper and lower bounds of the initial volume (Vi), applied force, and the number of nodes are (Table 1) :
Targeted volume: 15600 < Vt < 46800 Total initial volume: 26000 < Vi < 78000 Force applied: 10000 < F < 35000 Number of Nodes: 6916 < Nodes < 39672 GA optimization results greatly depend upon the values of input parameters and selection criteria. These include the population selection criteria, population size, total generations, elite children, crossover probability, and the mutation function. The optimum values of these parameters were finalized after running the GA fitness function multiple times by selecting the arbitrary values with different combinations. This procedure was followed since no proper guidelines could be found in literature to select the values of input parameters for some specific problems with explicit conditions. After getting the anticipated results, the final optimization runs were executed for four different fitness functions. The combination of GA control parameters was selected as, population size 100, generation 1000, elite children 0.2, crossover probability 0.9, and the mutation probability 0.2. The optimization evolution of the first fitness function (Vf) is shown in Fig. 8 . The value of objective function (Vf) was found as 12006.242. By using the Vf fitness function, the optimal values of input parameters were identified as: Vt = 15600.006, Vi = 26000.002, F=10020.634, and nodes = 6916.01. These values were found consistent with the original data established through Abaqus topology optimization runs. Saleem, Ahmed and Taimoor, Journal of Advanced Mechanical Design, Systems, and Manufacturing, Vol.11, No.2 (2017) With the same set of GA control parameters and bounds, the new fitness function SE (strain energy) was studied. The optimization evolution and results are shown in Fig. 9 . The value of objective function was found as 8211.376. The mean fitness value i-e, 8211.38 was observed to be closer to the best fitness function value 8210.28. For this fitness function, the optimum parameters proposed by the GA are; Vt = 46566.709, Vi = 26462.472, F=11202.649, and nodes = 6916.5. These values were found consistent with the actual optimization results. It was noted that the values of Vt and nodes remain unchanged as obtained in case of the Vf fitness function. With the same selection criteria, control parameters and other conditions, GA optimization runs were executed for St (stress) and U (total deformation) fitness functions. The optimization evolutions and outcomes of St and U are shown in Fig. 10 and 11 In case of the maximum deformations U, the objective value of U was observed to be 0.4361. With U fitness function, the optimal parameters predicted by GA are; Vt = 15600, Vi = 26000, F=10000, and nodes = 6916 nodes. The values of input variables for St and U identified with GA fitness functions are found in good approximation with the actual topology optimization results. The parameters identified by the GA optimization module can be validated through regression model equations 17a to 17d. The values, x1 = Vt (targeted optimization volume), x2 = Vi (volume of the design domain), x3 = F (applied force), and X4= nodes, identified with GA fitness functions (Vf, SE, St and U) were used to validate the output as:
x (4 Fig. 9 GA proposed input parameters (SE fitness function) By comparing the GA predicted results (Table 5 ) with actual topology optimization data (Table 1) , it was analyzed that the Vf value proposed by GA (12006.242) is closer to the 4th topology optimization scheme (12337). For stress fitness function, GA produced the optimal result value 111.878, which is closer to 2nd (189.0) and 4th (177.8) topology optimization runs. In case of the maximum deformations U, the GA projected result, i-e 0.43616 is closer to the 2nd (0.44) and 4th (0.42) topology optimization schemes. From the analysis, it can be realized that the 4th topology optimization run presents the best optimization scheme, since the Vf value proposed by GA is in good approximation with the optimization results. The deformation plot, elastic strain energy, and CAD models of the best identified configurations of optimization schemes 2 and 4 th are shown in Fig. 12 and 13, respectively.
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Experimental Analysis
Mechanical performance of the optimized structures (Fig. 3, Fig. 4 and Fig. 5 ) was evaluated by comparing with the available experimental results. The optimized configurations of selected sections of a ribbed stiffened Al2024 alloy structure were developed under the stipulated design loads (10KN to 35KN) . The maximum and minimum values of the stress observed in the optimized configurations are 64 MPa and 467 MPa (Table 1) , respectively. The obtained results corroborate with the published experimental results (Al2024 sheets under the axial loading of 200KN). The flat specimens were machined from a 4 mm rolled Al 2024-T351 sheet. Tensile testing was performed on a mechanical Zwick Roell 1484 testing machine by applying the maximum force of 200 kN with controlled displacement. For load displacement curves and other experimental details, readers may consult the published report (Shehzad 2012 ). Summary of the uniaxial tests performed in longitudinal (L) and transversal (T) directions at 45 o is given in Table 6 .
Conclusions
The research work presented here demonstrates the importance of optimization driven design. A novel attempt is made to evaluate the topological optimized configurations of axially loaded structures with the genetic algorithm and regression analysis. The topology optimization data were investigated to identify the optimal configuration among the feasible alternatives. It was analyzed that the GA's results rationally supported the topology optimization runs, which indicated the consistency and accuracy of the executed optimization schemes. This paper also elaborates the general mathematical framework of topology optimization and the structural optimization algorithm. The GA fitness functions were formulated by selecting the best regression models. The GA identified results were compared with the topology optimization runs and the optimal evolutions were identified. The performance of the optimized configurations (Table 1 , Von Mises stress, minimum 64 MPa to maximum 467 MPa) under the stipulated design loads (10KN to 35KN) was evaluated by comparing with the published experimental results (Table 6 , uniaxial tensile testing of Al2024 alloy at 200KN). The results were found in good agreement with the experimental data.
